We propose a system to automatically detect cerebral aneurysms in 3D X-ray rotational angiography images (3D-RA), magnetic resonance angiography images (MRA) and computed tomography angiography images (CTA). After image normalization, initial candidates are found by applying a blob-enhancing filter on the data sets. Clusters are computed by a modified k-means algorithm. A post-processing step reduces the false positive (FP) rate on the basis of computed features. This is implemented as a rule-based system that is adapted according to the modality. In MRA, clusters are excluded that are not neighbored to a vessel. As a final step, FP are further reduced by applying a threshold classification on a feature. Our method was tested on 93 angiographic data sets containing aneurysm and non-aneurysm cases. We achieved 95 % sensitivity with an average rate of 2.6 FP per data set (FP/DS) in case of 3D-RA, 89 % sensitivity at 6.6 FP/DS for MRA and 95 % sensitivity at 37.6 FP/DS with CTA, respectively. We showed that our post-processing approach eliminates FP in MRA with only a slight decrease of sensitivity. In contrast to other approaches, our algorithm does not require a vessel segmentation and does not require training of distributional properties.
INTRODUCTION
Approximately 3 % of the population harbors one or more cerebral aneurysms.
1 Cerebral aneurysms can lead to rupture that causes a life-threatening subarachnoid hemorrhage. The mortality rate for this pathology is reported to be approximately 50 % while 46 % of the survivors have long-time impairments.
2 Prognosis if and when an aneurysm ruptures is currently only possible with insufficient accuracy. 3 Rupture of aneurysms has to be prevented with respect to clinical and economical aspects. Hence, early finding of cerebral aneurysms is desirable.
Image modalities that are clinically relevant in aneurysm detection are 2D digital subtraction angiography, 3D X-ray rotational angiography (3D-RA, Fig. 1(a) ), magnetic resonance angiography (MRA, Fig. 1(b) ) and computed tomography angiography (CTA, Fig. 1(c) ). Cerebral aneurysms are asymptomatic and are commonly found incidentally in these angiographic images as the use of medical imaging techniques is increasing over time. 4 Only few methods have been proposed to detect cerebral aneurysms in medical images. [5] [6] [7] [8] All algorithms rely on a two-step strategy that first detects potential regions based on a segmented vasculature and then use a classifier to reduce false positives (FP). Three different strategies are employed for initial findings: shape-based, skeleton-based and difference image based approaches. Shape-based algorithms rely on the assumption that aneurysms are sphere-shaped. Either a hessian-based eigenvalue analysis was done to find sphere-shaped objects in three-dimensional images 5 or the writhe number is used to find asymmetries in the vasculature that could possibly reveal aneurysms.
6 Skeleton-based systems aim at finding terminating branches in the skeleton of a data set representing the vessel structure. 5, 7 Difference image based approaches use a subtraction of a normal vessel model from the original data set to find suspicious regions. 8 The challenge is to find abnormalities in the angiographic data sets as the intra-patient vessel variability is high. Hybrid approaches that use a combination In the CTA example, a clipping plane has been chosen to visualize blood vessels inside the skull.
of two or more methods also exist. 5, 7 The classification is done by thresholding of a feature, 6 linear discriminant analysis, 5 rule-based systems 7 or case-based reasoning. 8 All approaches rely on statistical analysis that depends on the quality and quantity of the test database. However, only in one publication, the amount of test data sets is sufficiently high to justify the deployment of a statistical method.
7 All proposed algorithms are intended to work with MRA data sets except one, which implements a multi-modal approach on 3D-RA and CTA data sets. 6 Furthermore, a prerequisite of all methods is a segmentation of the vasculature that heavily influences the detection quality. If aneurysm detection should be useful in clinical routine to support the radiologist, it needs to be part of a Computer Aided Diagnosis scheme that is adaptable to all of the three-dimensional modalities mentioned above. However, the proposed approaches neglect the clinical applicability by incorporating restrictive requirements like a segmented vasculature, various expert-set parameters and a large prototypic image database for training. In contrast, we propose a general approach that works on multimodal angiographic images without statistical analysis and without segmentation.
Aneurysm detection is a challenging topic as a generalization of the shape, location and size is only possible with certain restrictions. Furthermore, the characteristics of aneurysms change with respect to the used imaging modality. The main difference between the three imaging modalities with respect to image analysis is the amount of visible vessels and the distinction between vessel and background. In 3D-RA, the contrast agent is injected into one vessel and only this vessel and their successors are visible. In case of MRA and CTA, the whole cerebral vasculature, mostly arteries, are present in the data sets leading to a larger amount of visible vessels. Also, the contrast between vessel and background tissue is higher in 3D-RA while in MRA and CTA data sets some artifacts are visible. Additionally, in CTA HU values for contrast enhanced blood vessels and bone overlaps partly. Due to these facts, the detection of aneurysms is more challenging in CTA than in MRA. The good image quality in 3D-RA leads to a simplification of the detection problem.
METHOD
Our workflow consists of six parts and is the same for all angiographic modalities except for the parametrization:
1. The images are normalized.
2. Initial regions of potential aneurysms are found by a filter that enhances spherical structures. An example for the results after step 2, 3 and 4 is given in Fig. 2 .
In step 1, the images are intensity normalized to [0, 2048] (CTA images are already intensity normalized by the Hounsfield scale) and orientation normalized, such that the (x/y/z) coordinates of the image correspond to left-right direction, to anterior-posterior direction and superior-inferior direction, respectively. If necessary, the images are resampled to isotropic voxel size by linear interpolation.
Initial aneurysm candidates are found in step 2 by enhancing the original data set by a multi-scale sphereenhancing (also called blobness) filter. The filter is a generalization of the vesselness filter.
9 This approach assumes a spherical aneurysm shape. Although this is not always true, it still remains a good approximation for the vast majority of aneurysms. The filter is adjusted to find sphere-like structures with diameters between 2 mm and 10 mm. Larger structures are found as (multiple) sub objects. For the computation of the sphere-enhancing CTA image, an image mask is created taking only voxels between 75 and 400 HU into account that represents contrast enhanced vessel structures.
Step 3 involves a clustering done by extraction of local maxima of the sphere-enhanced image. It is desirable to simultaneously define a VOI around each maximum. Similar methods only extract the local maxima and then use segmentation algorithms to determine a VOI around the maxima.
5, 7
We use a modified k-means clustering to define VOI on the filtered image. It is not possible to use the standard k-means clustering algorithm for our purpose as the number of clusters is not known in advance. Therefore, we incorporate the minimum distance between clusters into the algorithm. Voxels with values smaller than a threshold t are neglected to exclude poorly enhanced regions in the filtered image. Only a certain percentage of the remaining voxels that are sorted by their value (from highest value to lowest value) are processed. The amount is controlled by r denoting the percentage. These remaining voxels v i are assigned to a VOI V j :
n is the amount of VOI and d(·, ·) is the Euclidian distance. If this distance is larger than d max , a new VOI is created consisting only of this voxel. The parametrization is discussed in section 3.
In step 4, seven features are computed on each VOI that are computed on the original image:
• the mean, minimum and maximum values for intensity: i avg , i min , i max ,
• the mean, minimum and maximum values for blobness:
• the volume (in mm 3 ): s.
In step 5, VOI are further processed depending on their modality and the following rules:
• for all modalities: VOI close to the boundary are removed.
• In 3D-RA, further post-processing steps are not required due to the good image quality.
• In MRA, two post-processing steps have been implemented and tested: symmetry similarity and a vesselbackground classification.
• In CTA, VOI outside a certain intensity range are excluded.
The distance to the boundary in x-direction, d x , is defined as follows:
where p x (v i ) is the x-coordinate of the VOI center and s The two post-processing steps of MRA are symmetry similarity and a vessel-background classification. The first one is an analysis based on a symmetry similarity measure.
10 This is motivated by the fact that many symmetric FP with similar features emerge while symmetric aneurysms with similar features are very unlikely. This aims to exploit the symmetry of the human vasculature. The measure evaluates the similarity of symmetric (or near-to symmetric) VOI based on their distance in features space using a combination of the features mentioned above. If the distance is below the threshold 1 meaning a high similarity, both VOI are classified as FP.
The second post-processing in MRA substitutes the non-existing segmentation by a registration: VOI that are not close to vessels are tagged as FP as aneurysms only occur near to vessels. This is done by computing a rigid registration between the images to a manually segmented reference image. If the distance of a registered voxel to the next vessel voxel is more than 20 pixels (corresponding to approximately 10 mm), the VOI is excluded. Through the distance corridor of 20 pixels we account for registration errors that can occur due to the intra-patient variation of vessel locations.
If the image modality is CTA, only VOI having a mean intensity between 75 and 400 HU are further taken into account.
In step 6, the remaining VOI are classified by a threshold θ on a chosen feature f c . Thus, VOI containing the highest feature values are taken as aneurysm candidates, where θ and f c depend on the modality and are subject for evaluation experiments. All other VOI are classified as FP.
RESULTS
Our method was tested on 41 3D-RA, 31 MRA and 21 CTA patient data sets incorporating 41, 18 and 21 aneurysms, respectively. 29 data sets contained no aneurysms. We note that no bone-subtraction CTA images were available and we used normal CTA images. 20 MRA data sets were acquired with the time-of-flight protocol whereas 11 were contrast enhanced MRA. 5 aneurysms were of fusiform type, the others of saccular type. The aneurysm size was between 1.5 mm and 32 mm. The 3D-RA data sets had an isotropic voxel size with a resolution of 0.54 mm. The MRA data sets were resampled to an isotropic resolution between 0.43 mm and 0.78 mm. The CTA data sets were resampled to an isotropic resolution between 0.61 mm and 0.73 mm.
The ground truth was given by a neuroradiologist having access to other angiographic images and the clinical report. All experiments have been performed on each modality separately. The quality of the algorithm is measured by a free-response operator characteristic (FROC), more specific by the area under the curve (AUC). The AUC values were normalized according to the maximum expected average FP/data set (FP/DS) that was 10 for 3D-RA, 30 for MRA and 50 for CTA. Thus, the AUC values between the modalities are not directly comparable. The sensitivity is measured on a per-aneurysm basis while the specificity is measured on a data set basis by FP/DS.
We investigated the robustness of our cluster-related parameters in our first experiment. Three parameters influence this step: t, r and d max (see section 2). t and r influence the amount of initially regarded voxels of the blobness-filtered data set. d max defines the minimal distance between cluster centers. We determined the optimal parameters by varying the parameters to reach a maximum value for the AUC. t was varied between 0.1 · I max and 0.3 · I max , where I max is the maximum intensity in the filtered data set. r was varied between 0.1 and 0.3 * , d max was varied between 5 mm and 15 mm. The optimal parameters were similar for all three modalities. The optimal triple (t/r/d max ) was (0.2/0.25/10) for 3D-RA, (0.15/0.2/7) for MRA and (0.05/0.2/10) for CTA. d max is the most influencing parameter in the cluster definition step; the FROC for all modalities is shown in Fig. 3 . For the following experiments, only the optimal parameterization for each modality is used. Experiment 2 has been conducted to evaluate the quality of the different features in a threshold classification (Table 1) . θ was varied for all seven employed features and the AUC value was measured for every value of θ. For 3D-RA and MRA, the volume as discriminatory feature leads to the best quality. For CTA, maximum blobness leads to the best results. Consequently, θ = 4 was used for 3D-RA, θ = 17 for MRA and θ = 40 for CTA. These values ensure a sensitivity between 95 % and 100 % without post-processing.
A relative threshold classification on the feature order was done rather than an absolute classification on the feature value as despite of the normalization, the intra-data set comparability is still better than the inter-data set comparability.
In summary, we measured 95.1 % sensitivity with an average rate of 2.56 FP per data set (FP/DS) for 3D-RA, 100 % sensitivity with 15.42 FP/DS for MRA and 95.2 % sensitivity with 37.57 FP/DS for CTA without post-processing. * 0.1 means that 10 % of the pixels having the highest values are further processed. In experiment 3, we tested the algorithm with MRA data sets in three different variants: (a) with symmetry similarity post-processing, (b) with vessel-background classifier and (c) with both post-processing steps. Results are shown in Fig. 4 . All three variants were able to reduce the amount of FP. However, they also reduce the sensitivity slightly. The best results could be achieved using the vessel-background classifier having a sensitivity of 89 % with 6.6 FP/DS. Overall, only 3 of 80 aneurysms remained undetected by our method with our suggested parameterization and without post-processing. These were two aneurysms for 3D-RA: one aneurysm that lay very close to a second aneurysm (Fig. 5(a) ) and one small aneurysm lying in the direct vicinity of a vessel curve (Fig. 5(b) ). In this case, the distance between both aneurysms was smaller than d max . For CTA, the small aneurysm next to a giant aneurysm was hardly visible and only known from 3D-RA (Fig. 5(c) ).
We reached our goal of applying one algorithm to three modalities. It is difficult to compare our method to similar methods 5-8 as we focused on different aspects, require no segmentation and do no statistical classification.
In case of MRA, we reach a similar quality than Yang et al. 7 who defined a rule-based system with experimentally found rules. They have reported a sensitivity of 96 % at 11.6 FP/DS. However, we neither require expert-set rules, nor a characteristic training database. The only other algorithm by Lauric et al. that works on CTA and 3D-RA data sets has reported a sensitivity of 100 % at 5.4 FP/DS for CTA and 100 % at 0.7 FP/DS for 3D-RA. 6 However, this method requires bone-subtracted CTA and was only tested on 20 data sets. All similar algorithms require a segmentation of the vasculature.
The high FP rates on CTA data sets can be explained by the image content information that does not only contain vessels, but also soft tissue and skull in the intracranial region. Currently, our algorithm also finds many VOI that are not in the direct vicinity to vessels and could be excluded from further analysis by adapting the vessel-background classifier used for MRA.
CONCLUSION
We presented an algorithm for the automatic detection of cerebral aneurysms. Sphere-like regions are found by a multi-scale enhancement filtering. The filtered images are clustered with a modified k-means approach. We evaluate the regions based on computed features. The proposed algorithm is the first to work on 3D-RA, MRA and CTA data sets. The workflow is the same for all modalities, only the parameterization has to be adapted. Furthermore, the algorithm is the first aneurysm detection to work on native CTA data sets. In contrast to similar approaches, no segmentation is needed. The algorithm is evaluated with 93 angiographic data sets and experiments have been conducted to choose adequate parameterizations.
For the future, we plan to enhance our vessel-background classifier for CTA to be able to detect arteries and to take advantage of this additional information. Furthermore, we plan to test our algorithm with other cluster approaches and to test the usability of the CAD algorithm in a clinical environment. We believe that this aneurysm detection could be useful in other CAD areas too, e.g. to detect lung nodules in CT data.
